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Introduction
Migration is a phenomenon observed the world over. Household migration decisions are influenced by 'push' and 'pull' factors as well as network effects. Favorable characteristics associated with the target destination of migrants are referred to as 'pull' factors and unfavorable characteristics associated with the origin are 'push' factors. Network factors support the households' decisions by providing them with the information, assistance, and encouragement necessary to survive in the new locale (Lee, 1966; Martin and Zurcher, 2008) . The drivers of migration decisions can also be broadly categorized into economic, political, social, demographic and environmental factors (Grote and Warner, 2010; Black et al., 2011) .
Among the environmental factors, increasingly there is a focus on climate and weather related migration (Barrios et al., 2006; Brown, 2008; McLeman, 2013) . According to a recent report by the Intergovernmental Panel on Climate Change (IPCC), migration is a widely used adaptation strategy and the climate change will likely have significant impacts on human mobility (Adger et al., 2014) . In particular, Asia and the Pacific region could undergo migration and displacement on an unprecedented scale in the coming decades (Asian Development Bank, 2012) . There is increasing recognition that climate change induced migration may compromise human security (Adger et al., 2014) and may contribute to a range of problems such as unmanaged regional development, deterioration of ecosystems, conflicts and riots (Reuveny, 2007; Barbieri et al., 2010; Bhavnani and Lacina, 2015) . Thus, for purposes of policy planning, there is a need for sound and robust predictions of climate induced migration (Lilleør and Van den Broeck, 2011) .
Displacement and migration decisions can be triggered by weather events such as flooding or slower processes that contribute to loss of agricultural productivity (Brown, 2008) . Climate and weather related migration is multifaceted and migration depends on both vulnerability and the ability to migrate, as populations vulnerable to the climate change impacts may have the least ability to migrate (Black et al., 2013) . Adger et al. (2014) observe that the climate events have a significant impact on displacement, but most of the displacement is temporary as displaced people are likely to return to their original places. While weather events have serious implications for human displacement and security, this is not the focus of our paper. Rather, we are interested in examining how changes in weather variability affect migration by influencing economic drivers such as agricultural productivity.
As the literature on climate and weather related migration grows, increasingly there is a focus on exposing the link between climate and drivers of migration (Perch-Nielsen et al., 2008) , particularly economic drivers. Lilleør and Van den Broeck (2011) reviewing studies on the impacts of climate change on migration in less developed countries argue that important economic drivers, such as wage difference between origin and destination areas, are not very well understood. Their review indicates that most studies find linkages among climatic variables and migration, but these studies do not identify the channels through which climate variables affect migration. This is a serious gap in the literature that renders it impossible to make reliable and robust predictions about migration.
The clearest evidence of the impacts of weather variability is found in the agricultural sector. Weather variables are inputs into agriculture production and changes in climate have the largest effects on agriculture relative to other sectors (Deschenes and Greenstone, 2007) . In this context, is an important study that estimates the impact of weather-driven changes in crop yields on international migration from Mexico to the United States. forecast that 2 to 10 percent of adult Mexicans may migrate to the United States by the year 2080 as a result of climate induced changes in agriculture. Complementing this work, Marchiori et al. (2012) show how weather anomalies induce internal migration that subsequently triggers international migration. Similarly, Feng et al. (2012) , Iqbal and Roy (2015) and Viswanathan and Kavi Kumar (2015) establish how weather can influence migration through the agriculture channel. Estimates by Feng et al. (2012) suggest that climate change could induce nearly four percent of the adult population in rural counties in the US Corn Belt to migrate in the medium term . Iqbal and Roy (2015) predict that an increase in rainfall variability would increase net outmigration rates in Bangladesh by as much as 20 percent in 2030.
Pakistan is one of the most vulnerable countries in the world to climate change (UNDP, 2015) . According to Global Climate Risk Index 2015 report, Pakistan is among the top ten most affected countries in the world during the period 1994-2013. It is ranked number five among the most financially affected countries in the world (with average annual losses of around 4 billion USD-PPP from climate change) during these two decades (Kreft et al., 2015) . Thus, in the future, climate and weather variability are likely to create a great deal of uncertainty about agricultural production as well as additional migration.
Agriculture is a very important sector in Pakistan and migration is a vital labor issue. Thus, several researchers have tried to un-tangle the determinants of migration. For instance, Barkley (1991) , investigating the factors affecting inter-district migration during 1971-1980, shows that labor clearly moves towards districts with better socio-economic conditions. Other studies by Khan and Shehnaz (2000) , Oda (2007) , Mahmud et al. (2010) and Sarwar and Sial (2011) show how different socio-economic determinants, such as education and unemployment rate, influence migration. Yet, few studies ask how weather variability may affect migration patterns. The exception is Mueller et al. (2014) , who use data from 583 households in four districts of Pakistan, to show the effect of heat stress on the probability of men and women moving out of villages. They estimate the effect of temperature on farm and non-farm income and find that extreme temperature has much higher impact on farm income relative to nonfarm income.
In our study, we ask how weather variability may affect migration by inducing changes in agricultural productivity and the economic sectors that depend on agriculture. Much has been written about the effect of extreme weather such as floods on peoples' in Pakistan (Kirsch et al., 2012) . While extreme weather is an important driver, it is equally important to understand how slower changes induced by weather motivate human mobility in the long run. Thus, we investigate how weather related migration occurs because of changes in economic drivers that are linked to agriculture. Based on an instrumental variable regression approach , we examine how weather variables affect agricultural productivity and how this, in turn, induces inter-district migration in Pakistan. We organize a unique data set of migration, agricultural and weather, drawing on census and meteorological information from 50 districts over four 5-year time periods (1971-76, 1976-81, 1988-93, and 1993-98) . Our focus is on internal migration as most migration is generally internal. For instance, according to UNDP (2009), internal migrants in the world are almost four times as many as international migrants.
We find robust evidence showing that weather-driven changes influence district-level in-migration rates in Pakistan by affecting crop revenues. Temperature increases are likely to decrease the crop revenue per hectare in relatively warm districts and increase the same in relatively cool districts. Furthermore, temperature variability has adverse effects on the crop revenue per hectare. Through these effects on crop productivity, weather variables have a significant nonlinear effect on the in-migration rate. The extent and scope of such impacts in the future depend mainly on temperature variability and the geographic location of districts.
Model and Estimation Methods

Modeling the Weather-Migration Interface
Agriculture is the one most vulnerable to climatic changes as weather variables including temperature and precipitation are direct inputs into agriculture production (Deschenes and Greenstone, 2007) . Thus, the conceptual framework of this study hinges on two issues: the impact of changes in weather variables on agricultural productivity and how this, in turn, triggers the movement of labor resulting in inter-district migration in Pakistan. The second consideration underlying this paper is that weather-driven changes in agricultural productivity can trigger the movement of labor resulting in inter-district migration in Pakistan. The impact of changes in weather on agriculture may vary such that it may be favorable in some locations while it may be unfavorable in others.
As discussed in the recent IPCC report by Hijioka et al. (2014) , who observe that warming temperature would lead wheat yield to increase in some parts of Pakistan but a decrease in other parts of the country. Massetti and Mendelsohn (2011) investigated the impact of climate change in different states of the United States and found that the farms in relatively cool locations would benefit while those in warmer locations would likely to be hurt. Due to the linkages of agriculture sector with the other sectors, as discussed above, if agriculture does well because of favorable weather then the overall district economy does well and this lures workers from other districts.
Migration is an adaptation strategy adopted by households whose livelihoods are put at risk by climatic changes (Dillon et al., 2011; Adger et al., 2014) . Migration is often a proactive strategy adapted keeping in view current weather events as well as anticipation of such events in the future (Bardsley and Hugo, 2010) . For wage earners, when there is a decline in wages, we can expect labor to move out of a location to another where wages may be higher. Expected wage differentials between locations are regarded as the main motivation for migration (Todaro, 1969) . This demand-supply framework for labor works as expected in Pakistan, where there is generally a free flow of labor.
The district-level Census data in Pakistan show that the total stock of migrants from other districts constituted around 8.4 percent of the total population in 1998 (Government of Pakistan, 1998). Internal migration includes rural-rural, rural-urban, urban-urban, and urban-rural migration and is comprised both intra-district and inter-district migration. Based on the Pakistan Integrated Household Survey data, Memon (2005) observes that migration due to economic reasons in the year 1997-98 included 31 percent rural-rural, 42 percent rural-urban, 20 percent urban-urban, and 7 percent urban-rural migration in Pakistan. Weather variability could trigger migration not only to work in agriculture, but also to work in a host of jobs that are directly or indirectly linked as unskilled workers, in particular, can switch from one sector to another.
For purposes of investigating the impact of weather variability on agricultural productivity and how this, in turn, triggers the internal migration we follow . For our analyses, we use crop revenue per hectare as a measure of agricultural productivity and in-migration rate as an indicator of migration. 1 We estimate the effect of weather variables on crop revenues per hectare and the effect of weather-driven changes in crop revenue per hectare on in-migration rate. We examine the linkages among weather variables, agriculture and migration using an instrumental variables (IV) regression model specified in equations (1) and (2) below:
ln R it = α 0 + α 1 T it + α 2 T it 2 + α 3 P it + α 4 P it 2 + α 5 SDT it + α 6 SDP it + ν i + w t + u it
where i subscript is index for districts in Pakistan (i = 1, 2,…, 50) and t subscript is index for 5-year time periods (1971-76, 1976-81, 1988-93 and 1993-98) . M it is in-migration rate which measures a flow of additional migrants in district i that migrated from other districts in a 5-year period as a proportion of the district i population (0 < M it < 1). G(.) is a function taking on values strictly between zero and one. R it denotes crop revenue per hectare per year in 1000 Pakistan rupees (PKR), which is the value of crop yields and a measure of agricultural productivity of land. T it represents mean temperature in°C, and P it represents mean precipitation in meters per year. SDT it denotes the standard deviation of temperature across 5 years and SDP it denotes standard deviation of precipitation across 5 years. Finally, a i and ν i denote district-specific effects that are time-invariant, λ t and w t denote time-specific effects that are district-invariant, and ε it and u it denote stochastic disturbance terms.
Equation (1) is a statistical model that regresses the in-migration rate on crop revenue per hectare with districtspecific effects, and time-specific effects. The parameter of interest is β 1 , which measures the semi-elasticity of the in-migration rate with respect to crop revenue per hectare. This model controls for unobserved time-invariant confounders at the district level (district-specific effects) and unobserved confounders affecting all districts in the same period (time-specific effects). An econometric problem with the above model is that crop revenue per hectare (R it ) may be correlated with the error term (ε it ), which makes R it an endogenous variable. This endogeneity may be due to omitted variables or from simultaneity, that is, the revenue per hectare may affect migration, but migration may also affect revenue per hectare. To address the problem of endogeneity, we use weather variables as instrumental variables for the revenue per hectare, specified in equation (2), to control for potential endogeneity. Theoretically, this approach is statistically valid for determining the causal effect of crop revenue per hectare on migration (Auffhammer and Vincent, 2012) . Through this approach, only variations in revenue per hectare that are associated with weather variables are used to estimate the effect of revenue per hectare on in-migration rate. Thus, this approach allows us to isolate the effect of weather variables from other drivers of migration .
We estimate the above model separately using two different measures for the crop revenue per hectare: based on major crops (wheat, rice, cotton and sugarcane) and based on wheat crop only. In section 3, we provide details on measuring the revenue per hectare as well as weather variables for each case.
Functional Form
In equation (1), the dependent variable, in-migration rate, is measured as a proportion and bounded between zero and one. We identify a specific functional form for this equation which ensures that predicted migration rate is within the bounds. Following Baum (2008) , equation (1) is re-written with G(.) as a logistic function that takes the value of function between zero and one:
Further, equation (3) can be re-written as linear in parameters:
where
Thus, the above IV regression model is estimated using equation (1') in place of equation (1). For this, we first compute y it using the values of M it and equation (4). The variable y it is defined only if M it is strictly between zero and one. Since the values of M it are strictly between zero and one in the data of this study, y it is defined for all observations in the dataset.
The above model of our study is based on a model proposed by but we extend it in three major ways. Firstly, in , the dependent variable migration rate is treated without bounds. As migration rate is measured in proportion, it must be bounded between zero and one. In our model, we identify a functional form for the migration equation, which ensures that the predicted migration rate is bounded between zero and one. Secondly, they use crop yield as a driver for migration. However, a household's decision to migrate may be affected by monetary incentives. A lower crop yield may be associated with higher price. Therefore, our model uses monetary value of crop yields. Finally, estimated the model without controlling for unobserved time-specific effects (Auffhammer and Vincent, 2012) . It may cause omitted variable bias if the unobserved timespecific effects are not included. In our study, we estimate the panel data model with two-way error components controlling for both the unobserved cross-section specific effects and time-specific effects.
Estimation Methods
For estimating the IV regression model in equations (1') and (2), the district-specific effects and time-specific effects can be regarded as being either fixed or random. The time-specific effects control for variables that are changing over time but are common among all districts, such as technology and the monetary, fiscal and other government policies. Since the data are only for a very small number of time periods (four), which do not represent a random sample across time, fixed effects are used for time-specific effects (Baltagi, 2008) . We also use fixed effects for the district-specific effects because the unobserved heterogeneity at the district level may be correlated with the explanatory variables. For example, soil quality varies across districts and is likely to be correlated with agricultural productivity. Furthermore, the districts are not a random sample as we use data from all the districts of Pakistan for which data are available. Therefore, we use fixed effects to control for both district-specific effects and time-specific effects. We estimate the model using the limited information maximum likelihood (LIML) estimator and the two stage least squares (TSLS) estimator. For making inferences, we use heteroskedasticity and autocorrelation (HAC) robust standard errors. We conduct various diagnostic tests in order to check the validity of IV regression and instruments, discussed in section 4 along with their results.
Data and Descriptive Statistics
This study uses panel data for 50 districts of Pakistan for four time-periods: 1971-76, 1976-81, 1988-93 and 1993-98 . This section describes the sources of data, methods used for construction of variables, and descriptive statistics.
Migration
We obtain migration data for each district of Pakistan from the two latest population census reports (Government of Pakistan, 1981 Pakistan, , 1998 . The 1981 Census Report provides migration data for two 5-year periods (1971-1976 and 1976-1981 ) and the 1998 Census Report provides migration data for the two 5-year periods of 1988-1993 and 1993-1998. 2 For each district, the reports provide data only on in-migration, which is defined as the number of persons who moved into the district from other districts or countries in each of the time periods. The data, however, do not include the number of persons who moved within the district. We compute the in-migration rate as follows:
where MI it is the number of people in district i that migrated from other districts in 5-year period t, Pb it is total population in district i in the beginning of period t, and Pe it is the total population in district i at the end of period t. Computation in equation (5) requires population data for the following years : 1971, 1976, 1981, 1988, 1993 and 1998 . Since district-wise population data are available only for the years in which the census was conducted, i.e., 1972, 1981 and 1998, we use inter-censual population annual growth rate to estimate the population for the remaining years:
where PC 0 and PC T denote population in two census years for computing inter-censual annual growth rate. Areas), and Azad Jammu and Kashmir (Government of Pakistan, 2014b; see Figure 1 for a map of Pakistan). The provinces and other administrative units are further divided into districts. In Pakistan, the boundaries of some districts have changed over time. Thus, while there were only 73 districts in the year 1981, there were 119 districts in the year 1998. We have addressed the issue of changing district boundaries as follows. In the case of districts with changing boundaries, the data show that the district has been split into two or three districts from 1981 to 1998. Since the 1998 Census Report also provide the information on migrants' previous districts of residence, we convert these split districts into the big district by summing up the number of migrants in these split districts and subtracting the number of migrants whose previous residence was one of these split districts.
The merging of districts results in a total of 71 cross-section observations (districts or merged districts) with consistent boundaries from 1981 to 1998. 4 We dropped 16 of the 71 observations as migration data for these districts are not reported in the census reports. These districts are controlled by tribes, and data from which have never been collected due to both the law and order situation in the areas and the lack of an established record system. The panel data on migration are therefore only available for 55 districts or merged districts for these 5-year periods: 1971-76, 1976-81, 1988-93 and 1993-98 . A detailed examination of the data indicated that 5 of the 55 districts for which we had data were highly urbanized and were not agricultural based (including Karachi, Lahore, Peshawar, Quetta, and Rawalpindi). Thus, we excluded these 5 districts from the study sample. The analysis therefore uses data for 50 districts and for four time periods with 200 total observations (see Appendix A for a list of these districts or merged districts).
Revenue per Hectare
We collected the data on production and area for each crop in each district from the government publications (Government of Pakistan, Various years, 2010). We obtained the data on the nominal prices of crops in Pakistan in LCU (local currency units) per tonne from the database of the Food and Agricultural Organization of the United Nations (FAOSTAT, 2014) . We compute the real prices of crops in 1998 PKR by deflating the nominal price using CPI (consumer price index) reported by the State Bank of Pakistan (2010).
We compute the revenue per hectare in PKR 1,000 for each district using data from four major crops of Pakistan, viz., wheat, rice, cotton and sugarcane, which are very common crops in Pakistan. Wheat accounted for 51 percent of total net area sown while these four major crops accounted for 64 percent of the total cropped area in Pakistan in the year 1997-98 (Government of Pakistan, 2014a). For each district, we compute the revenue per hectare per year for each 5-year period as follows: 
where Price cτ denotes the real price of crop c in PKR 1,000 per tonne in year τ, Production cτ denotes the production of crop c in tonnes in year τ, and Area cτ denotes the total area sown for crop c in hectares in year τ. As mentioned in section 2, we estimate the model separately using two different measures for the crop revenue per hectare: based on major crops (wheat, rice, cotton and sugarcane) and based on wheat crop only. So, for wheat crop, the revenue per hectare is computed using equation (7) based on only wheat crop.
Weather
We obtained data on mean temperature and precipitation for each month from 1971 and 1998 for various stations from the Pakistan Meteorological Department. There are 50 districts in the panel data, which are covered via 29 weather stations by the Pakistan Meteorological Department during the study period. For the districts where the weather stations are not located within the district boundaries, we assign the nearest weather station or the average of the nearest ones, as reported in the district census reports (Government of Pakistan, 1981 Pakistan, , 1998 ).
There are two main cropping seasons in Pakistan, namely Rabi (from November to April) and Kharif (from May to October). Wheat is grown in Rabi while rice and cotton are grown in Kharif. Sugarcane is grown during the months from both seasons. First, we construct all weather variables given in equation (2) for each season. We first compute the mean temperature during all the months of the season for each season. We then compute the average temperature per season for each 5-year period, and compute standard deviation of temperature across 5 years. Similarly, we compute the precipitation during each season by adding the precipitation during each month of the season. We then compute the average precipitation per season for each 5-year period, and compute standard deviation of precipitation across 5 years. For analysis with wheat crop only, we use weather variables constructed for the Rabi season. For analysis with four major crops, we construct annual measures using variables from both seasons. For annual temperature, we take the average of temperature in two seasons. For annual precipitation, we add precipitation in two seasons. For each temperature and precipitation, annual measure of standard deviation is computed as the square root of the sum of variances in two seasons, where the variance is the square of standard deviation.
Descriptive Statistics
The descriptive statistics of the variables used in the model are presented in Table 1 . The in-migration rate is measured as a flow variable with a 5-year time period. The statistics on the in-migration rate in Table 1 indicate that, on average, 1.3 percent of the district population migrated into the district from other districts within the 5-year time period. At the aggregate level, the average revenue per hectare has increased over time from 1971-76 to 1993-98 in case of both major crops and wheat. This is mainly due to technological change and government policy of price support. Note that we control for such time-specific effects in addition to district-specific effects in our model. During this period, all weather variables including temperature, precipitation and their standard deviations (annual and Rabi season) have increased over time at the aggregate level.
The district level heterogeneity of data is illustrated in histograms in Figures 2-4 , which present the distribution of in-migration rate, revenue per hectare and the selected weather variables. The distribution of the migration rate is skewed right, indicating a higher migration rate in relatively fewer districts.
5 Revenue per hectare approximates to a normal distribution in both major crops and wheat (Figure 3) . The distribution of precipitation in the Rabi season is skewed right as rainfall is rare during the winter (Figure 4 ).
Results and Discussion
Regression Results
In this section, we present and discuss the results of the IV regression model. In addition to controlling for potential endogeneity, the IV regression model explains the changes in the in-migration rate that result from the weatherdriven changes in the revenue per hectare from crops. We use two different measures of revenue per hectare: based on major crops and wheat only. In the case of major crops, weather variables are measured on annual basis, while for wheat, weather variables are measured for Rabi season. We estimate the models using the LIML and TSLS estimators. In all regressions, we construct test statistics that are HAC robust. Table 2 presents the IV regression results using revenue per hectare based on major crops, and reports the results for the two stages along with the diagnostic tests. In the first stage results in panel A, we estimate the impact of weather variables on revenue per hectare. Specification 1 includes weather variables on both temperature and precipitation. The results show that temperature and its squared term are statistically significant at 1 percent and 5 percent, respectively. We find that the relationship between the revenue per hectare and temperature is quadratic, i.e., as temperature increases, revenue per hectare initially increases, reaches at the peak, and then declines. This result is in line with Kolstad (2010) and Shakoor et al. (2011) for the case of Pakistan. The standard deviation of temperature is statistically significant at the 5 percent level and the sign of estimated coefficient is negative, as expected. If the standard deviation of temperature increases by 1°C, the expected value of crop revenue per hectare would decrease by around 7.5 percent. In specification 1 (Table 2) , the precipitation related variables are 5 Appendix B presents the over-time pattern of in-migration rate at the district level.
not statistically significant. Thus, we also estimate the model without the precipitation-related variables, using only three weather variables related to temperature, as specification 2. However, we find that the results are very similar. Note that the first stage results are the same with LIML and TSLS estimators.
The second stage results in panel B of Table 2 are the IV regression results that show the relationship between the in-migration rate and revenue per hectare for each specification. The coefficient on the revenue per hectare is positive and statistically significant at the 1 percent level for both specifications as well as with both the LIML and TSLS estimators. As explained above, the IV model estimates the impact of weather-driven changes in the revenue per hectare on in-migration rate. The LIML results show that a 1 percent increase (decrease) in crop revenue productivity in a district driven by weather variables induces around 2.3 percent (or 0.03 percent points) increase (decrease) in the in-migration rate into a district on average. In the two specifications, the estimate is between 2.2-2.3 percent with LIML estimator and 1.9-2 percent with TSLS, indicating that results are robust to first-stage specifications and IV estimation methods.
Thus, the regression results show that temperature has nonlinear effect on crop productivity (quadratic relationship). As the relationship between migration rate and revenue per hectare is direct, through its effects on crop productivity, the temperature also has a nonlinear impact on the in-migration rate. This result confirms and complements the previous work by Bohra-Mishra (2014), who find similar evidence for Indonesia. We find that it is not only the average temperature but also its fluctuations (measured by the standard deviation) that have the impacts on migration through the agriculture channel. Similar evidence has been obtained by Iqbal and Roy (2015) for Bangladesh.
The results of diagnostic tests to examine the validity of the IV regression and instruments are reported in panel C of Table 2 . First, we test whether it is necessary to use IV estimation. For this, we test whether the independent variable, the revenue per hectare, is exogenous or endogenous, using Chi-square test that is HAC robust version of Durbin-Wu-Hausman test (Baum et al., 2010) . As the p-value of the Chi-square test is much less than 0.01, the test rejects the null hypothesis of its exogeneity at the 1 percent level, indicating that revenue per hectare is endogenous variable and justifying the estimation of IV regression.
Next, we examine the validity of instruments. As there are more instruments than endogenous regressors, we conduct Hansen's J test of over-identifying restrictions, which examines the exogeneity of instruments. As the model has one endogenous regressor, the test assumes that at least one instrument is exogenous and then examines the exogeneity of all other instruments (Stock and Watson, 2011: 454) . As the p-value from the Hansen J statistic is much greater than 0.1, the test fails to reject the null hypothesis that the instruments are exogenous for all four regressions. To test whether the instruments are relevant (not weak), we conduct the weak identification test using the Kleibergen-Paap Wald F test (Kleibergen and Paap, 2006) , which is HAC robust version of CraggDonald test. The test results show that the F statistic is larger than the critical values for a 15 percent maximal LIML size, with a 5 percent significance level (Stock and Yogo, 2005) , indicating that the instruments are not weak for both specifications with the LIML estimator. For the TSLS estimator, however, the test does not reject the null of weak instruments even at 30 percent maximal IV relative bias, with a 5 percent significance level. Note that if the instruments are weak, LIML is much superior to TSLS (Stock and Yogo, 2005: 106) , and LIML is more nearly centered and its confidence intervals are more reliable than the TSLS (Stock and Watson, 2011: 466) . We also conduct a weak instruments robust test for β 1 (the coefficient on endogenous variable -revenue per hectare) using Moreira's (2003) conditional likelihood ratio (CLR) test. The CLR test is a preferred test when there is a single endogenous explanatory variable, and it is valid whether the instruments are strong, weak or even irrelevant (Stock and Watson, 2011: 465-466) . As the p-value in the CLR test is much less than 0.01, the coefficient on the revenue per hectare is statistically significant at the 1 percent level and thus the IV results are valid. Table 3 presents the results using revenue per hectare for wheat crops. We find very similar results as above. Temperature and its squared term are statistically significant at 1 percent -as temperature increases, revenue per hectare initially increases, reaches at the peak, and then declines. Results on the impact of the standard deviation of temperature are also similar.
In the second stage results, the coefficient on the revenue per hectare is positive and statistically significant at the 1 percent for both specifications as well as with both LIML and TSLS estimators. Results of specification 1 with LIML estimator show that a 1 percent increase (decrease) in wheat revenue productivity in a district driven by weather variables induces around 3.2 percent (or 0.04 percent points) increase (decrease) in the in-migration rate into a district, on average. Finally, the results of diagnostics tests are also similar with wheat crop as compared to those with major crops. Thus, our results are also robust to crops selected for measuring the crop productivity per hectare.
Finally, we also examine the validity of our IV regression results by examining the reduced-form regression results (Angrist and Pischke, 2009: 157) . In this regression, we estimate the relationship between the in-migration rate and weather variables using the ordinary least square method with HAC robust standard errors. The reducedform regression results are reported separately for major crops and wheat in Appendix C. Temperature and its square term are jointly statistically significant at 5 percent and 1 percent with major crop and wheat, respectively. Standard deviation of temperature is statistically significant, and the sign of estimated coefficient is negative, as expected. Precipitation related variables are jointly statistically significant at 1 percent with wheat only. All weather variables are jointly statistically significant at 1 percent with both major crop and wheat, indicating causal relation between migration rate and weather variables in the reduced form.
Projections
In this section, we estimate the possible consequences of future weather variability on internal migration through agriculture channel in Pakistan using the results of our IV regressions. We estimated the models based on two separate measures of revenue per hectare (major crops and wheat crop) using corresponding weather variables. For projections, we use estimates based on wheat because wheat is produced in all districts in the sample dataset. Other crops such as rice, cotton and sugarcane can be produced only in certain locations depending on the soil conditions and agro-climatic zones. Also note that each crop has different growing seasons, and has different sensitivities to weather variations. In our dataset, wheat accounts for 67 percent of the total area under the selected major crops. The total revenue from wheat and major crops are highly correlated, which is equal to 0.95. For projections, we use LIML estimation of specification 1 based on revenue per hectare from wheat (Table 3) , which includes weather variables on both temperature and precipitation.
Descriptive statistics in Table 1 show that the average temperature in Rabi season has increased by 0.5°C and the standard deviation of temperature has increased by 0.3°C from 1971-76 to 1993-98. To estimate the possible consequences of future weather variability on internal migration flows in Pakistan, we make use of near-term climate projections.
According to the Government of Pakistan (2013), Pakistan is expected to be warmer by 0.24 to 0.51°C per decade depending on the emission scenarios. According to the Fifth Assessment Report of the IPCC (Kirtman et al., 2013: 982) , the average temperature in Pakistan is expected to rise by 0.75 to 2°C, and the standard deviation of temperature is expected to rise by 0.5 to 1°C during the period 2016-2035 relative to the reference period 1986-2005. 6 Keeping in view the above projections, we assume 1°C increase in the average temperature in Rabi season and three different scenarios including 0.5, 0.75 and 1°C increase in the standard deviation of temperature for examining the impact of future weather variability during 2016-2035 relative to the reference period 1971-1998. We assume no change in precipitation variables.
For projections, first, we compute the predicted values of the revenue per hectare (R it ) using the first stage results and observed data on weather variables. Using the second stage results, we compute the predicted values of in-migration rate (M it ) using R it . We compute the mean values across four time periods for both the revenue per hectare and the in-migration rate to get their baseline values for each district: R i0 and M i0 . Next, for each scenario, we change the weather data by adding the assumed changes in weather variables, and similarly compute the mean predicted values of the revenue per hectare and the in-migration rate for each district as the projected values: R ip and M ip . Finally, for each district, we compute the rate of change from the baseline to projected values as:
These weather projections are for the winter season (December to February), which is part of the Rabi season (November to April).
As discussed in the regression results, the relationship between revenue per hectare and temperature is quadratic, and standard deviation of temperature has negative effect on the revenue per hectare. Figure 5 illustrates this relationship for specification 1 based on wheat. As the temperature increases, the revenue per hectare initially increases, reaches at the peak, and then declines. An initial increase in wheat revenue per hectare is expected because cold stress is unfavorable in the plant physiological processes for crop growth (Sultana et al., 2009 ). However, as temperature further increases, these benefits are exhausted. In our analyses, the peak in wheat revenues occurs at an average temperature of 21.4°C. As temperature further increases, we can expect a fall in yields. Wheat yields can decrease because of a reduction in the growth period and length of crop life cycle due to accelerated phenology under higher air temperatures (Sultana et al., 2009) . High temperature at the reproductive stages impedes normal grain development resulting in reduced grain size and yield losses (Sultana et al., 2009; Hossain et al., 2011) . In addition to these direct effects, high temperature also indirectly affects crop growth through its effects on moisture status and pest and disease incidence (Sivakumar and Stefanski, 2011) . Data show that 4 districts out of 50 districts (8 percent), which belong to Sindh province, namely Badin, Hyderabad, Tharparkar and Thatta, are relatively warm in the Rabi season with average temperature above the threshold level (21.4°C), and are already experiencing lower wheat revenue per hectare than the optimum. 7 As the relationship between inmigration rate and revenue per hectare is direct, weather variables have a nonlinear effect on the in-migration rate through its effects on crop productivity. We examine below the implications of this result for the projections.
The predicted impact of each of the three scenarios on the revenue per hectare and the in-migration rate through agricultural channel is presented in Figures 6 and 7 . Results show that, when we increase temperature by 1°C and the standard deviation of temperature by 0.5°C, the revenue per hectare decreases in 18 districts, although it increases in the remaining 32 districts (scenario 1, Figure 6 ). As there is a direct relationship between the revenue per hectare and in-migration rate, the projected change in weather variables leads the in-migration rate to decrease in 18 districts and increase in 32 districts (scenario 1, Figure 7) . The 18 districts adversely affected by rise in temperature and its standard deviation are relatively warm districts including 3 districts from Balochistan province, 3 districts from Punjab province, and all 12 districts from Sindh province (Figure 8 ). These 18 districts (indicated by 0 and 1 in Figure 9 ) are located in southern part of the country and include 4 districts, located on the southern border, that are already experiencing lower wheat revenue per hectare than the optimum.
When we increase temperature by 1°C and the standard deviation of temperature by 0.75°C, the revenue per hectare and the in-migration rate decrease in 23 districts and increase in 27 districts (scenario 2, Figures 6 and 7) . When we increase temperature by 1°C and the standard deviation of temperature by 1°C, the revenue per hectare and in-migration rate decrease in 32 districts and increase in 18 districts (scenario 3, Figures 6 and 7) . Thus, higher variability in temperature is likely to expand adverse effects from southern parts to north-eastern parts of Pakistan (Figure 9 ). The simulation results show that, due to quadratic relationship between crop yields and temperature, 18-32 districts (36-64 percent), which are relatively warm, are likely to be hurt and the remaining districts may benefit with rise in projected temperature and its variability in the near-term future. This result confirms and complements previous work discussed in the recent IPCC report by Hijioka et al. (2014) , who observe that warming temperature would lead wheat yield to increase in some parts of Pakistan but decrease in other parts of the country. Similarly, Massetti and Mendelsohn (2011) investigated the impact of climate change in different states of the United States and found that the farms in relatively cool locations would benefit while those in warmer locations would likely to be hurt.
As some districts are likely to benefits while others to be hurt, we also computed the overall impact on Pakistan by examining the total revenue in all districts, which is equal to the sum of the revenue across all district, where revenue in each district is equal to wheat area times revenue per hectare in each district. We find that the overall total revenue per year is predicted to change by 1.4, -0.5 and -2.3 percent under scenarios 1, 2 and 3, respectively. Thus, the overall revenue may increase or decrease in Pakistan depending on the future variability in the temperature. Under all scenarios, predicted changes in temperature and its variability are likely to induce migration, as some districts would be better off while other would be worse off.
7
Data show that the wheat revenue per hectare has increased in all districts due to technological change but it increased by only 19 percent (from PKR 10,414 to 12,429) in these 4 districts and by 40 percent (from PKR 9,381 to 13,116) in the remaining 8 districts of Sindh from 1971 Sindh from -1981 Sindh from to 1988 Sindh from -1998 . Thus, over this time period, the revenue per hectare in these 4 districts turned into 6 percent lower than the other districts in 1988-1998 (from 11 percent higher in 1971-1981).
There are many drivers of migration such as socioeconomic conditions and various pull and push factors. Note that we use an IV regression approach that isolates the weather impacts from other drivers of migration . Thus, the projected impacts on migration are the partial impacts associated with projected weather and agricultural scenarios, keeping other drivers of migration constant. Thus, the projected impacts on migration do not account for other derivers of migration.
Conclusions and Policy Implications
Meteorological information for the period 1971-76 to 1993-98 in Pakistan shows that the average temperature across 50 districts increased by 0.5°C during the Rabi season. These districts also saw an increase in the variability (standard deviation) of temperature by 0.3°C during this period. According to the Fifth Assessment Report of the IPCC (Kirtman et al., 2013: 982) , the average temperature in Pakistan is expected to rise by 0.75 to 2° and the variability of temperature is expected to rise by 0.5 to 1°C, during the period 2016-2035 relative to the reference period 1986-2005. Given these predictions, this study asks whether weather variability may impact inter-district migration by affecting agricultural productivity and the economic sectors that depend on agriculture in Pakistan.
Statistical analyses show that weather-driven changes in revenue per hectare have a significant impact on the in-migration rate in districts of Pakistan. A weather-driven 1 percent decrease in the crop revenue per hectare in a district induces a 2 to 3 percent decrease in the in-migration rate into a district. Thus, as crop revenues decline, the labor migration rate into a district declines. This change in migration can be attributed to reduction on labor demand on farms and in other agriculture related sectors.
While crop revenues and the in-migration rate move in the same direction, temperature and crop revenues have a quadratic relationship. Thus, as temperature increases, crop revenues initially increase, reach a peak, and then declines. If we examine wheat crops, an initial increase in crop revenue is likely because cold stress is unfavorable in the plant physiological processes for crop growth (Sultana et al., 2009 ). However, as temperature further increases, these benefits are exhausted. As temperatures increase even further, we can expect a fall in yields because of a reduction in the growth period and length of crop life cycle due to accelerated phenology under higher air temperatures (Sultana et al., 2009 ). In our analyses, the peak in wheat revenues occurs at an average temperature of 21.4°C. Interestingly, this level of temperature has already been reached in four districts.
Simulation results show that predicted rise in temperature and its variability is likely to decrease the wheat revenue per hectare in relatively warm districts, located in south, and increase it in relatively cool districts, located in the northern part of Pakistan. Through its effect on the crop revenue per hectare, increases in temperature and its variability during 2016-2035 are likely to induce the in-migration rate to decrease in 18-32 districts (36-64 percent) and increase in the remaining 18-32 districts (relative to 1971-1998) . Thus, weather variability will have a significant impact on the internal migration through the agriculture channel in the case of Pakistan. However, inmigration increases or decreases will depend on the geographic location of the districts. Notes: 0 indicates 4 districts (out of 50) that are already experiencing lower wheat yields than the optimum. 1 indicates additional 14 districts (total 18) projected to have reduced wheat revenue per hectare and in-migration rate under scenario 1. 2 indicates additional 5 districts (total 23) projected to have reduced wheat revenue per hectare and in-migration rate under scenario 2. 3 indicates additional 9 districts (total 32) projected to have reduced wheat revenue per hectare and in-migration rate under scenario 3. 
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